T he systematic review and methodological critique of the literature by Halm et al 1 observed that most studies of the volume-outcome relationship have reported statistically significant associations between higher case volume and better health outcomes across a wide range of procedures and conditions. These authors identified pediatric cardiac surgery, in addition to coronary artery bypass graft surgery, carotid endarterectomy, abdominal aortic aneurism repair, cancer surgery, and several other services, as having valid volume-outcome data supporting regionalization of some surgical procedures.
Since 1990, 4 separate research investigations have analyzed the relationship between volume and in-hospital mortality in large, statewide populations of pediatric cardiac surgery patients. [2] [3] [4] [5] Despite differences in their methodologies, all reported a significant inverse relationship between case volume and in-hospital mortality and inferred that their research was supportive of regionalization for pediatric cardiac surgeries. All but 1 study used cut points for defining "large" and "small" hospitals that were
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determined endogenously, and each varied in placement of these volume cut points. Nevertheless, the 1 study that defined volume as a continuous variable found that the magnitude of association between mortality and volume may be decreasing with time, 5 as other longitudinal studies have reported for other surgical services. 6 -10 The most recent analysis for pediatric cardiac surgery patients used California hospital discharge data from 1995 to 1997.
This investigation reexamines the relationship between hospital volume and mortality for pediatric cardiac surgery patients in California, using a larger and more contemporary hospital discharge data set (1998 -2003) from the California Office of Statewide Health Planning and Development. The major objectives of this work were (1) to determine whether the previously developed models continue to show results similar to those that had been published, (2) to incorporate the most salient features of the old models into a new model, and (3) to explore the association between risk-adjusted mortality and volume through post hoc analyses.
Methods

Data Sources
The present study used the Patient Discharge Database from California for the years 1998 -2003. 11 This database, maintained by the Office of Statewide Health Planning and Development, contains patient discharge information from all hospitals in the state except certain Federal and Shriners hospitals. Among other variables, the data set includes primary procedure and diagnosis and up to 20 secondary procedures and 24 secondary diagnoses; these fields utilize the International Classification of Diseases, 9th Revision, Clinical Modification codes. We requested information from all records regarding discharges under the age of 18 years.
One of the variables used in previous research was the median household income obtained from a patient's home zip code. After inclusion and exclusion criteria were applied (see below), the Patient Discharge Database data were merged by the patient's 5-digit zip code to the median household income variable provided by the US Census 2000 database. 12 The study was approved by the University of California at Davis and the California Health and Welfare Agency's Committee for the Protection of Human Subjects.
Replication of Previous Authors' Work
To replicate the 4 previous studies, we closely followed the population selection criteria, variable definitions, and statistical models according to their published methods. [2] [3] [4] [5] These studies varied in their criteria for population selection, the number of years of data involved, the definition of case volume, and the covariates included in the predictive models. An overview of the methodologies used by each of these investigations is presented in Table 1 , along with notations when their methods could not be replicated precisely.
Most deviations from the published methods noted in Table 1 Revision, Clinical Modification codes) by observed percent mortality in the selected population and comparing these observed rates against their original severity classifications. Procedures were allowed to vary by, at most, 1 severity level above or below their original severity classification by Jenkins and colleagues. 4 However, when there were Ͻ100 cases for a given procedure, the procedure was given its original severity categorization regardless of the observed mortality rate. The resulting classification of procedures into surgical severity categories is presented in Table 2 . If there were Ͼ1 risk codes, the highest code was used for risk adjustment.
New Model Development
The new predictive model for mortality was developed with the use of the study population selected with the criteria developed by Sollano and colleagues 5 (Table 1 ). There were 12 801 cases representing 11 840 unique individuals in the data set; a total of 681, 125, 6, and 3 patients had 2, 3, 4, and 5 repeat admissions for cardiac surgeries, respectively. All records are treated as independent cases and are referred to collectively as the study population.
Model development began with use of standard logistic regression and an adaptive process of choosing a reasonable set of predictors of mortality. We started with a list of all the patientlevel variables that had been identified as potentially important by all previous authors, even if these variables were not used in their final models. Each potential predictor was analyzed for its crude relationship with mortality and with volume with the use of both annual volume and 6-year total volume. The variables were also evaluated for the frequency of their use in the previously published models, statistical significance in the published models, and quality of the measure in terms of missing or unknown values. Those variables with favorable evaluations (ie, those associated with both volume and mortality, those that had been used in Ͼ1 of the published models, those that had statistically significant coefficients in the published models, and those without large numbers of missing or unknown values) were used to create a new starting model for mortality. We checked for interactions between these initial variables. We then assessed all other variables that had been used in the previously developed models for their ability to improve model fit (with the likelihood ratio statistic) when added singly to the starting model. Those variables with significant coefficients in the separate analyses were then added all at once to the starting model and rechecked for their contributions to model fit through backwards selection.
Volume was added next to the model, initially as 6-year total volume and ultimately as annual volume such that each hospital could contribute as many as 6 annual volume values. We divided the annual volume term by 100 so that the coefficient would correspond to the effect of a 100-person increase in annual case volume. We also dichotomized annual volume at 75 cases per year because California Children's Services' guidelines recommend that hospitals conduct a minimum of 75 pediatric congenital open heart surgeries per year. 13 Interactions between the already included covariates and volume were also considered in a graphical analysis, and finally, all other variables not yet tested for their ability to improve model fit were added to the model singly and assessed with the likelihood ratio statistic. After the standard logistic model was complete, the model was refit as a 2-level, hierarchical model, with patients nested within hospitals and hospital-level variance ascribed to the intercept term. A second-order penalized quasi-likelihood estimation procedure was used to perform the calculations.
Model Diagnostics
Model diagnostics were performed for the finalized standard logistic regression model. Model discrimination was assessed with the use of the receiver operating characteristics curve and its area statistic (area under the curve). 14 
Simulations for Graphical Presentation
We wanted to demonstrate graphically the performance of hospitals over the range of annual case volumes given their case mix for a given year. To accomplish this, a simulation procedure was followed to calculate exact probabilities for the observed mortalities, given our best estimates for the individual risks of the patients involved. First, the predictive model for mortality without volume was applied to the data set. Coefficients from the model were then used to generate, for each case (record) in the data set, a predicted probability of mortality. Each simulation began with randomly assigning to each case a uniformly distributed number between 0 and 1. A case was then defined as a simulated death if the random number was less than that individual case's predicted probability of mortality; otherwise, the case was defined as a simulated survivor. For each cohort of patients described by a given annual volume value, the simulated number of deaths was counted and added to a data set specific to that volume value. These simulations were run 10 000 times so that each volume-specific data set reflected a distribution of potential numbers of deaths against which the observed number could be compared.
The probability of observing at least the number of deaths that actually occurred is calculated by summing the number of times at least that number of deaths appeared in the data set of simulations and dividing by 10 000. These procedures were an adaptation of the methodology published by Luft and Brown 16 to address biases that may arise in the generation of CIs about expected mortality rates when the expected number of deaths is Ͻ5 (methods utilizing approximation to the normal and Poisson distributions may show bias under this condition).
Post Hoc Analyses
Two post hoc analyses were conducted. First, we stratified the data by age category to investigate whether there were differences in the volume-outcome associations between the different age categories. Second, to test the possibility of a trend in the volume-outcome association over time, we added a term for discharge year and an interaction term for discharge year and volume to the final model.
TABLE 1. Overview of Previous Investigations and Differences Between the Original Methods and Their Replication
Jenkins et al, 1995 4 Sollano et al, 1999 5 Hannan et al, 1998 3 Chang Average annual case volume categories: The authors had full access to and take full responsibility for the integrity of the data. All authors have read and agree to the manuscript as written.
Results
During the 6-year period from 1998 to 2003, a total of 12 801 records met the selection criteria originally developed by Jenkins et al 4 and later refined by Sollano et al. 5 These cases were used for 3 of the 4 replicated models, as well as for the new predictive model. There were 462 deaths, distributed over 52 hospitals during the study period. The overall mortality rate in this population was 3.6%. Figure 1 presents the crude (unadjusted) relationship between annual case volume and mortality with the use of these data.
Replicated Models
Jenkins and colleagues 4 used a single year's worth of data, and therefore no hospital contributed Ͼ1 volume value to the data set. Although the number of patients and hospitals from our data set is comparable to that originally studied by Jenkins and colleagues, the overall mortality rate among pediatric cardiac surgery patients has decreased, and there were no deaths in hospitals conducting between 1 and 9 pediatric cardiac surgeries during the years 1998, 1999, 2001, and 2002. Therefore, the model was fitted to all 6 years of data (each hospital could have up to 6 different volume values and therefore could be categorized differently in different years). The odds ratios (ORs) for the volume variables were 3.04 (95% CI, 0.89 to 10.40) for annual volumes 1 to 9, 1.61 (95% CI, 1.12 to 2.30) for annual volumes 10 to 100, and 1.45 (95% CI, 1.10 to 1.90) for annual volumes 101 to 300, with annual volumes Ͼ300 as the reference category.
In the replication of the work conducted by Sollano and colleagues, 5 volume (defined continuously as "volume/100") was not significantly associated with mortality in the overall population (OR, 0.99; 95% CI, 0.98 to 1.01). However, there was a small but statistically significant volume-outcome association among hospitals conducting surgery on children aged Ͻ30 days (OR, 0.97; 95% CI, 0.95 to 0.99). We found no clear trend between volume and surgical complexity among infants aged Ͻ30 days: ORs, 0.98, 0.96, 0.99, and 0.95 at surgical complexity levels 1, 2, 3, and 4, respectively; only the OR at complexity category 4 was statistically significant at the 0.05 level.
Hannan and colleagues 3 did not calculate an effect for volume per se but applied their logistic regression model to arrive at the number of expected deaths for annual volumes of Ͻ100 and Ն100. These expected rates were used to generate severityadjusted mortality that approximates what the mortality "would have been" had the groups experienced an average severity of illness identical to that of the state's population. With our data set, the risk-adjusted mortality rates for these 2 volume categories were 3.87% (95% CI, 2.56% to 4.87%) and 3.56% (95% CI, 3.27% to 3.99%). Therefore, the groups' severity-adjusted mortality rates were not statistically different from each other or the overall population rate (3.62%). The research of Chang and Klitzner 2 estimated the number of deaths that could theoretically be avoided through statewide regionalization. Application of their selection and exclusion criteria resulted in 13 917 cases and 622 deaths across 20 hospitals, yielding an overall mortality rate of 4.5%. In this replication, hospitals were classified as small, medium, and large with the use of Chang and Klitzner's original mean annual volume cut points of 70 and 170 cases per year. The original case mix adjustment variable was also used, which dichotomized cases as either high or low risk on the basis of principal procedure codes. ORs for small-and medium-volume categories, compared with the high-volume category, were determined separately for the high-and low-risk classifications of procedures, with adjustment for age, gender, race, type of insurance, family income, type of admission, prematurity, failure to thrive, Down syndrome, and pulmonary hypertension. Among the low-risk cases, the relative odds of mortality were 1.52 (95% CI, 1.03 to 2.26) and 0.82 (95% CI, 0.58 to 1.19) at low-and medium-volume hospitals, respectively, and among the highrisk cases the odds were 1.84 (95% CI, 1.27 to 2.67) and 1.07 (95% CI, 0.77 to 1.47) at low-and medium-volume hospitals, respectively.
New Model
Our risk-adjusted mortality prediction model is presented in Table 3 . The model includes age (categorized as age Ͻ30, 30 to 89, and 90 to 360 days with Ͼ360 days as the reference group), surgical complexity categories 2, 3, and 4 (defined as in the replication of the work by Hannan and colleagues, 3 with complexity category 1 as the reference group), nonelective admission status (with admissions having at least 24 hours' notice as the reference group), cardiopulmonary bypass surgery, pulmonary hypertension as a condition present on admission, extracardiac anomalies, and expected nonprivate payer status (with expected payers of all other types as the reference group). The OR for volume was 0.86 (95% CI, 0.81 to 0.92) and denotes that a 100-patient increase in annual volume is associated with a 13.9% decrease in odds of mortality. We noted the crude (unadjusted) association between volume and mortality was negligible (OR, 1.00; 95% CI, 0.94 to 1.07). The addition of the volume variable to the model of covariates significantly improved model fit ( The area under the curve suggested good discrimination at 0.82. Additional diagnostic analyses, however, showed that the covariate patterns with the highest leverage values occur at the highest volumes. Because of this finding, we re-ran the analysis excluding the single highest-volume hospital (which had 99 deaths among 2832 cases over the 6-year period) and found that the OR for annual volume increased to 0.93 (95% CI, 0.82 to 1.05) and volume no longer contributed significantly to the fit of the model ( 2 (1) ϭ1.33 for the likelihood ratio; PϷ0.25). The possibility that the data would exhibit significant withinhospital correlation was considered by specification of a multilevel logistic model in which random variance was ascribed to the constant (intercept) term. The estimation procedure yielded coefficients and errors for the fixed part of the model that were essentially unchanged from those of the standard logistic model, and the hospital-level variance estimate was not statistically different from 0 (s 2 m0 ϭ0.006, SEϭ0.014). Therefore, there was no significant correlation of outcomes to warrant the use of this modeling strategy.
When the standard logistic regression model was re-run with annual hospital volume dichotomized at 75 cases per year, hospitals with 75 pediatric cardiac surgery cases or more per year had an OR of 0.75 (95% CI, 0.55 to 1.02) relative to hospitals with Ͻ75 such cases per year. When the largestvolume hospital was removed from the analysis, the OR was 0.84 (95% CI, 0.62 to 1.16). Figure 2 shows the results of the simulations used to generate an exact probability for at least the number of deaths observed for each volume value. The figure shows that there is a wide range of these probabilities for the observed data and that these probabilities are approximately evenly distributed above and below the 50% level throughout all volume values except for a cluster of high probabilities at the far right of the figure. These 6 highest volume values all correspond to the largest hospital, which had performed well in each of the 6 years of the study.
Post Hoc Analyses
When the data were stratified by age, coefficients for the volume effect increased in absolute value with decreasing age. A statistically significant association was obtained only among children aged Ͻ30 days (nϭ1203; OR, 0.77; 95% CI, 0.69 to 0.86). Second, we found no evidence that there was a change in the volume-outcome association over time. Although there was a trend in decreasing mortality over time, with the OR for discharge year being 0.92 (95% CI, 0.82 to 1.02), the interaction term of discharge year and volume was not significant (OR, 1.02%; 95% CI, 0.97 to 1.06). Probabilities of obtaining at least the number of deaths observed, by annual volume. The exact probabilities are based on the estimated risks of the patients contributing to a given volume for each year, calculated through a logistic regression model that does not include volume. Probabilities close to 1 indicate that a given group of patients defined by an annual volume value experienced fewer deaths than expected on the basis of that model. Probabilities of 1 occur when no deaths are observed. The 6 points in the upper right-hand corner all refer to the same hospital, which performed better than expected in each of the 6 years of the study.
Discussion
The purpose of this project was to reassess the hospital volume-outcome relationship in California among pediatric cardiac surgery patients with a larger and more current data set than previous investigations. In replications of previous work with the 1998 -2003 California Office of Statewide Health Planning and Development hospital discharge data set, the relationship between volume and mortality was not as strong or consistent as was reported in the original publications. In our new model, we found that increasing hospital volume, when considered a continuous variable, was significantly associated with lower mortality (OR, 0.86 for every additional 100 cases; 95% CI, 0.81 to 0.92). With the removal of the largest volume hospital, there was a loss of magnitude and statistical significance for this association (OR, 0.93; 95% CI, 0.82 to 1.05). When volume was dichotomized at the California currently recommended minimum case volume of 75 per year, we found that hospitals conducting Ͼ75 cases per year were associated with an OR of 0.75 (95% CI, 0.55 to 1.02) compared with hospitals conducting Ͻ75 cases per year. This association also diminished with omission of the largest volume hospital (OR, 0.84; 95% CI, 0.62 to 1.16). Finally, with the exception of the single largest-volume center, there was no consistent relationship between the probabilities of seeing at least the number of deaths actually observed and case volume, given all the other risk factors identified in the patient population.
Our post hoc analysis replicating the work by Sollano et al 5 demonstrated a small but significant relationship between volume and mortality among infants; however, there are limitations unique to this subanalysis. The exclusions used in our analyses (ie, patients with very low birth weight and patients aged Ͻ3 months receiving certain surgical procedures) limit the generalizability of the findings to the infant population as a whole. For example, 91% of children aged Ͻ30 days were unscheduled admissions compared with 14% unscheduled admissions in the remainder of the population. We lack important clinical details that could explain the circumstances under which these surgeries were being conducted.
Hospital case volume was defined as a continuous variable similar to others (by Sollano et al 5 ) because this definition avoids the pitfalls of deciding a priori what constitutes "small" or "large" volumes. Although we considered the threshold of 75 cases per year (not statistically significant), the common practice of using the data to define volume thresholds in favor of finding an association was expressly avoided. We also believe that after examining the volume-outcome scatterplot (Figure 1) , there is no clear threshold that would justify dichotomization or any other transformation. It is possible that there is a very high volume threshold (eg, 400 cases per year) above which riskadjusted mortality could be lower; however, given the fact that only 1 hospital conducted Ͼ400 cases per year in our data, the selection of this threshold for California data is not feasible.
We found no evidence for a trend in the volume effect over the 6-year period. Annual volume was not averaged over the 6-year period because several hospitals experienced sudden increases or decreases in their caseload, which likely reflected department closings/openings or gains/losses of surgeons; such changes potentially dissociate any quality of care (or selective referral) concepts linked to an average annual volume measure. These same possibilities may explain why the level-2 error variance (with level 2 defined by hospital identification) was relatively small. Similar to Sollano et al, 5 we found that no information was gained by rendering the model multilevel. Alternative definitions of volume are possible, such as lagged measures, average daily volume, and measures that do not assume major hospital staffing changes. However, our model was intended to build on the findings of the replications, and we avoided deviating from the manner in which volume has been conceptualized previously.
The fact that leverage increases with volume was noted by Chang and Klitzner 2 ; however, these authors did not report how responsive the volume-outcome association was to these covariate patterns. The fact that a single institution affected the statistical significance of a volume-outcome investigation is similar to the finding of another research effort investigating in-hospital survival of blunt trauma patients. In an analysis by Glance et al, 17 regression diagnostics identified the largestvolume trauma center to be an outlier, and exclusion of cases from this trauma center resulted in no demonstrable volumeoutcome association. The authors concluded that the hospital volume criteria established by the American College of Surgeons needed to be reexamined. We would similarly recommend that the current California Children's Services minimum pediatric cardiac surgery volume recommendation of 75 cases per year be reexamined because our findings were very sensitive to a single institution's outcomes.
We could not replicate all previous studies precisely. Most notably, the research conducted by Hannan and colleagues 3 utilized clinical information that was unavailable in the Office of Statewide Health Planning and Development data set. However, our use of up to 20 procedure and 24 diagnostic code fields is a strength. A recent study demonstrated very similar results when comparing a mortality prediction model based on patient-level data with a model based on administrative data for coronary artery bypass graft surgery when robust model development and careful statistical methods are used. 18 The process by which covariates were screened and the order in which they were added to the model followed procedures conceptualized a priori. The identification, definition, and selection of covariates may be susceptible to criticism in the process of the model's development. Because there was no evidence of an unadjusted volume-mortality association, any inference of significant association in the final model must be attributed to the effects of confounding factors (barring, of course, any sources of bias). The strength of the association of a covariate with mortality and volume will tend to drive the strength of association between volume and mortality. Since the publication of the volume-mortality studies replicated here, more sophisticated "complexity categories" have been developed, notably the Risk-Adjusted classification for Congenital Heart Surgery (RACHS) 19 and Aristotle 20 scoring methods. We cannot discount the possibility that had another risk adjustment model been used, we may have obtained different results. However, given the goals of our research, a customized model that more closely fits the data being analyzed is more appropriate. We were encouraged by the fact that our model fit the data well and that the covariates predicted mortality in the expected ways with respect to direction and magnitude. Choices were made a priori with awareness of the various objections that could be made, and it is hoped that the processes used are transparent and seem reasonable to most.
The surgical complexity categories used in this and other studies group multiple procedures together of similar, but not identical, risk. Risk adjustment with the use of these surgical complexity categories and other comorbidities is an imperfect process. Even without consideration of the impact of the largestvolume hospital, our results do not imply that hospitals may perform as well across the gamut of volumes as high-volume hospitals for all procedures. The lack of a statistically significant association may reflect that low-volume hospitals already avoid specific surgeries that they are ill-equipped to perform.
Although we found a statistically significant association between volume and mortality, it is important to translate ORs into absolute risk for illustrative purposes. For example, if it is assumed that a hospital had a mean mortality rate of 3.6% (the overall average of the data set), an additional 100 cases is associated with, on average, a mortality rate of 3.1%. In other words, with this example, the OR of 0.86 translates to 1 fewer death for every 200 additional cases performed. The OR of 0.77 for infants translates to approximately 1 fewer death for every 120 additional cases performed.
Finally, the illustration of how hospitals fall within their probability distributions over the range of volumes (Figure 2 ) is informative. The removal of the largest-volume hospital was not done to imply that it was a "statistical outlier" but rather to demonstrate the impact of highly leveraged covariate patterns on the results. These results provide an illustration of how the finding of a statistically significant association is not automatically supportive of regionalization because it would be unfeasible for all pediatric cardiac surgeries to be performed at a single hospital in the state. We recommend that future volume-outcome studies present statistical diagnostics to elucidate the reason for an apparent association or lack thereof; overall measures of fit and discrimination are insufficient assessments of model performance.
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